Abstract-This paper presents a real-time greedy-index dispatching policy (GIDP) for using plug-in electric vehicles (PEVs) to provide frequency regulation services. A new service cost allocation mechanism is proposed to award PEVs based on the amount of service they provided, while considering compensations for delayed-charging and reduction of battery lifetime due to participation of the service. The GIDP transforms the optimal dispatch problem from a high-dimensional space into an 1-D space while preserving the solution optimality. When solving the transformed problem in real-time, the global optimality of the GIDP solution can be guaranteed by mathematically proved "indexability." Because the GIDP index can be calculated upon the PEV's arrival and used for the entire decision making process till its departure, the computational burden is minimized and the complexity of the aggregator dispatch process is significantly reduced. Simulation results are used to evaluate the proposed GIDP, and to demonstrate the potential profitability from providing frequency regulation service by using PEVs.
Compensation for the comfort sacrifice of the i th PEV at stage j ($).
The i th independent dual problem of the aggregator's average cost problem.
D(w j )
The dual problem of the aggregator's average cost problem. e i Maximum capacity of the i th PEV battery (kWh). g 1 , g 2 Predetermined coefficients of the penalty function to the PEV owner. inc i (u i,j Aggregator's average cost from providing frequency regulation service.
I. INTRODUCTION
T HE ADOPTION of plug-in electric vehicles (PEVs) has been accelerated around the world in recent years. According to an EPRI report [1] , market penetration of PEVs will reach 37% by 2020 and 52% by 2035. Charging the PEV fleet is expected to become one of the main sources of flexible loads that can be used to provide a wide range of grid energy and ancillary services [2] , [3] . Different from energy services, high-value ancillary services have strict requirements for the time, duration, and magnitude of the service provided [4] . Because power converters of the PEV battery power electronic systems can respond to charging/idling/discharging commands within a few micro-seconds [4] , [5] , they are ideal sources to provide such services. However, there are two main challenges in dispatching PEVs for providing frequency regulation services: uncertainties in each PEV charging process and lifetime degradation of PEV batteries [6] .
First, the length of the dispatch period of a PEV varies because the uncertainty in the PEV arrival and departure times [7] - [9] and the magnitudes of the regulation signals are unpredictable. To cope with those uncertainties, in [7] , a stochastic dynamic programming-based algorithm is proposed to optimize PEV's frequency regulation capacity bids such that the expected future costs are minimized. In [8] , a robust optimization model is proposed to handle the uncertainties of the PEVs' stochastic mobility behaviors in the PEV dispatch problem. In [9] , a robust optimization framework is proposed for the formulation of the PEV frequency regulation capacity scheduling problem. Their results show improvement in revenue under the performance-based PEV compensation scheme. However, when solving large-scale PEV dispatching problems in a few seconds over an optimization horizon of a few hours, the number of stochastic states will increase drastically to a level at which the aforementioned optimization methods can become computationally intractable [10] . In addition, the computational speed may be too slow to meet the real-time dispatch requirements.
Second, additional charging and discharging events will inevitably shorten the battery's lifetime [11] , [12] . The cost of the Li-ion battery is between $1000 and $1450 per kilowatthour [13] , [14] , so it is essential to develop a flexible dispatching algorithm that can coordinate the charging and discharging of many PEVs to provide grid services with minimum impacts on their battery lifetimes.
To tackle the above challenges, we propose a real-time greedy-index dispatching policy (GIDP) in this paper. The GIDP is designed from a PEV load aggregator's perspective, and its objective is to obtain the global optimal solution with a non-iterative approach. Upon receiving the regulation signal at each decision time step, the GIDP will dispatch the PEVs based on a priority list determined by a pre-calculated index. The index is a function of an individual PEV's real-time state of charge (SOC) and represents the cost of recruiting the PEV to provide regulation service at each SOC level. We consider three SOC-based cost elements: payment for its service (proportional to the amount of service the PEV provides), payment for the battery lifetime degradation, and payment for delayed charging (a comfort measure). Note that all PEVs participating the program will receive a fixed payment for participation. Because the participation payment is not changing with respect to PEV SOC changes, the payment is not included in our GIDP index calculation. By introducing the GIDP index, we are able to relax and decouple the optimization problem from a high-dimensional space to many independent restless multi-armed bandit problems (RMABP) [15] - [18] , such that the problem can be solved in real time. When solving the RMABP in a one-dimensional space repetitively, the obtained solutions can be inversely transformed back to the originally high-dimensional space and proved to be the global optimal for both spaces. To the best of our knowledge, such an approach has never been proposed for power system applications. The main contributions of this paper are summarized as follows:
• We reconciled the two contradictory considerations in the PEV dispatch problem formulations: finding the global optimum of a large-scale, nonconvex optimization problem and obtaining the solution in real time.
• We developed a service cost allocation mechanism for the aggregator to dispatch PEV resources and reward PEVs based on their cost and performance when providing regulation services.
• We evaluated the performance of the proposed algorithm by comparing the proposed GIDP with theoretical optimal solutions. Simulation results show that the profit obtained by GIDP is 2.9% lower than the theoretical maximum profit in the presence of uncertainties from regulation signal in a 3.5 hours simulation period.
• We discussed the aggregator's potential profitability from providing frequency regulation services under different battery unit prices and regulation service prices. The rest of the paper is organized as follows. The optimization problem for using PEVs to provide regulation service is formulated in Section II. The proposed dispatching policy is introduced in Section III. Simulation results are presented in Sections IV and V to evaluate the performance of the proposed policy. Finally, Section VI provides our conclusions. Fig. 1 . Conceptual configuration of an aggregator-controlled PEV charging system for providing regulation services. Green, blue, and red shadings indicate that the "charge", "idle", and "discharge" options are activated by the aggregator, respectively. Grey shading indicates that the option remains inactive.
II. OPTIMIZATION PROBLEM FORMULATION
This section introduces the operation mechanism of the PEV charging system, the objective functions, constraints, and the complete optimization problem formulations.
A. Operation Mechanism of an Aggregator-Controlled PEV Charging System
The minimum bidding block for providing regulation service in a wholesale electricity market is usually greater than 1 MW/hour. This is much higher than the rated capacity of a PEV battery bank, which is in the range of 1.4∼19.2 kW and 5∼40 kWh according to the Society of Automotive Engineers standard [19] . Because thousands of PEVs are required for providing such services, it is logical to assume that there is an aggregator who will negotiate with the Independent System Operator (ISO) on rates and service requirements and recruit the required amount of PEVs for providing the target services. The following assumptions are made to establish the control framework of an aggregator-controlled PEV charging system (See Fig. 1 ) for providing regulation services.
Assumption 1: During the PEVs' parking period, the aggregator will send out charging (1), idling (0), or discharging (-1) commands to each PEV so that the aggregated PEV loads will follow the regulation signals against the PEV baseline charging curve, as shown in Fig. 1 .
If the service period is T (in seconds) and the time step is t (in seconds), we have n T = T/ t decision-making stages. The action policy set U for n PEV PEV during the service period [0, T] can be defined as
Assumption 2: We assume that all PEVs are charged and discharged via the constant current and constant voltage method [20] , so that the rated power p i is used for both charging and discharging modes. Thus, for the i th PEV at stage j, the power output p i,j (in kilowatts) from the grid side is 
where the 3600 is used to convert the unit of e i from kilowatthours to kilowatt-seconds. Thus, for s i,j ∈ [0, m i ], the corresponding soc i,j of the i th PEV at stage j can be calculated by
After each decision stage j, if PEV i made selection between charging (u i,j = 1), idling (u i,j = 0), and discharging (u i,j = −1), the SOC state of PEV i will advance accordingly by
where j ∈ [0, n T − 1].
B. Frequency Regulation Services
Assumption 4: We assume the aggregator provides onedirectional service (regulation-up) in this paper. Note that at the ancillary service market, regulation services can be separated into up and down services [21] . Although the algorithm can be formulated for providing bi-directional services, to better illustrate the values of charging, idling, and discharging and make those values easily distinguishable, we chose to formulate the optimization problem for providing regulation-up service only.
The aggregator will set an hourly baseline load profile so it can provide the frequency regulation service by varying its charging loads above or below the baseline. When providing the regulation-up service, the baseline of the aggregated PEV load is (6) Under this mechanism, the default status of all PEV at any decision stage is "charge". When a PEV idles or discharges to the grid, the PEV will cause a reduction in the baseline power consumption, the amount of which is counted as the regulation-up service provided to the main grid.
Assumption 5: Aggregators will submit their offers to and be cleared at the day-ahead ancillary service market. On the next day, the ISO will send regulation signals to the aggregators based on their committed capacity. Because the market clearing prices of the day-ahead market are known, the aggregator's income, INC, is considered as a known value in the real-time PEVs dispatch problem formulation. At the beginning of each decision stage, the aggregator will determine which PEV(s) will be switched into "idle" or "discharge" modes to meet the regulation-up signal while minimizing the overall cost.
Note that for an aggregator with 10 MW charging capabilities, we can set p baseline at 5 MW to provide 5 MW regulationup and 5 MW regulation-down services. If regulation-up and regulation-down services are paid at the same price, the PEV aggregator will receive the same income whether it is providing 10 MW regulation-down or ±5 MW bidirectional services. Therefore, although we use the case of providing one-directional regulation-up services to develop the GIDP, the method can easily be extended to cases where the aggregator needs to provide bidirectional frequency regulation services.
C. Aggregator's Cost for Providing Frequency Regulation Services
We assume that aggregators will make the following payments to incentivize a PEV owner to participate in the regulation service: 1) a reward based on the amount of regulation service a PEV provided, 2) a battery lifetime degradation cost compensation computed for the extra charging trajectories in their PEV battery, and 3) a delayed charging compensation for PEV owner's comfort sacrifice.
Let inc i (u i,j ) represent the aggregator income contributed by the i th PEV from participating regulation service at stage j, which is calculated in proportion to the amount of energy contributed by i th PEV at stage j as follows.
where r Up j represents the power of regulation-up signal at decision stage j.
Note that no payment will be made to a PEV when it is charging because a PEV in its charging state does not contribute to regulation-up service. In the "discharge" mode (u i,j = −1), a PEV contributes almost twice as much to the regulation-up service than it does in the "idle" mode (u i,j = 0), because the PEV not only reduces the power consumption by not charging, but also injects power to the main grid. However, the battery lifetime will be shortened when discharging. Therefore, the i th PEV will receive a compensation,
, which is calculated based on an estimated battery degradation cost. Please refer to Appendix A for more details. Assuming that the incentive award of the i th PEV,
, is in proportion to the aggregator income contributed by the regulation service provided by the i th PEV, we have c Award
Let k be the profit sharing factor. If k = 0.5, the aggregator will distribute 50% of the income earned by this PEV back to its owner.
If an aggregator interrupts the charging of a PEV by letting it idle or discharge while its SOC is still lower than the ownerdefined minimal departure SOC state, s e i , the aggregator will pay a penalty, c P (s i,j , u i,j ), to the PEV owner for comfort sacrifice. This is because interrupting the charging causes a delay in service. The compensation, c P (s i,j , u i,j ), can be calculated by
where g 1 (g 1 ≥ 0) and g 2 represent predetermined penalty factors for adjusting the amount of the payment. Note that the slope |g 1 (i)| is designed to be smaller than the maximum absolute value of slope in degradation cost curve with respect to SOC states. Fig. 2 shows an example of c P (s i,j , u i,j ) with respect to the SOC states. In summary, the aggregator's cost for providing service includes three payments: rewards distributed to each PEV for its contribution, compensation made to the PEV whose lifetime is shortened, and comfort penalty for delayed charging service.
D. Objective Functions and Constraints
Combining the cost and rewards functions defined by (1)- (8), we have
Directly solving for a global optimal solution for (9) is extremely difficult for three reasons. First, this problem is a stochastic nonlinear integer programming problem, which has nonconvex solution sets bounded by the feasible region of integer variables. Finding the global optimum of a nonconvex problem requires one to proof that a particular solution dominates all feasible points by arguments other than the derivative-based approaches in convex programming. Second, the high dimensionality of (9) causes a huge number of integer variables in the solution set. Assuming that there are 1000 PEVs in the control group, each PEV battery has 5000 SOC states. For a 6-hour dispatching period with 4-second decision-making intervals, the overall number of integer variables would reach up to 2.7e 10 . Third, the magnitude of the frequency regulation signal is unpredictable. In real-time dispatch, past decisions are no longer changeable. However, each decision made will significantly affect subsequent decisions. Therefore, an optimal decision made at stage j may quickly become suboptimal when looking back in time.
To address these solving difficulties, we reformulate (9) in the next section so that it can be solved using the proposed GIDP.
III. GREEDY-INDEX DISPATCHING POLICY

A. Reformulation of the Finite Horizon Markov Decision Process
An optimization under uncertainty is usually solved by stochastic programming, where scenarios are usually generated based on a certain probability distribution to represent the uncertain data [8] , [9] . However, for a problems with many integer variables, such as (9), this scenarios-based approach will further increase the problem scale, making the problem even harder to solve [10] .
Therefore, in this section, we relax (9) from the Finite Horizon Markov Decision Process (FH-MDP) to an infinite Horizon Markov Decision Process (IH-MDP) [22] , [23] , in order to address the uncertainty from the frequency regulation signal in (9) .
In a PEV dispatch problem such as (9), the decision-making interval, t, is very short (4 seconds in our case) when compared with the PEV dispatching period T (usually several hours), such that n T = T/ t → ∞. Therefore, an FH-MDP problem described in (9) can be naturally relaxed into an IH-MDP problem formulated as
where q represents the average of the regulation-up signal E{r The IH-MDP problem formulation includes state space, action set, policy, transition probability, and costs that are defined in the following subsections.
1) State Space: Let s i,j ∈ S be the i th SOC state of the PEV at stage j, where S represents the state space of all n PEV PEVs at infinite decision stage j ∈ [1, ∞]. The initial state of PEV i at stage 0 can be calculated from s s i and (4); the subsequent states can be calculated by (5) .
2) Action Set and Policy: PEV i at decision stage j can choose one of the three actions from the action set: u i,j ={1, 0, −1}, where "1" is "charge", "0" is "idle", and "-1" is "discharge". A policy is a rule indicating that an action is taken by PEV i at decision stage j when the system is in state s i,j ∈ S.
3) Transition Probability: For a given policy, the evolution of an MDP is characterized by the transition probability P(s i,j+1
The transition probability of PEV i at decision stage j is given by
where
B. Lagrange Relaxation for Distributed Decision Making
Applying the Lagrange method to the equality constraint of regulation service requirements in (10) , and calculating the maximum of its duality D(w j ), we have
where w j is the Lagrangian multiplier associated with the equality constraint of regulation service requirements. Then, (15) can be naturally decoupled to n PEV sets of independent sub-problems through Lagrange relaxation, so that the total payment to each PEV can be minimized independently. Let's express the i th independent sub-problem as
The dual of Lagrangian relaxation D(w j ) represents one relaxation of (10) such that for any Lagrangian multiplier
In operation research, the n PEV subproblem in (16) is called the W-subsidy problem, in which the Lagrange multiplier W * represents a dummy "subsidy" to the inactive selections of each sub-problem. In our case, the inactive selection of each PEV is "continue charging". Then, by comparing W * with the cost/profit of the active selections (i.e., "idling" and "discharging"), each PEV can decide independently whether to participate in the regulation service. Meanwhile, the equality constraint of the regulation service requirement is satisfied by appropriately selecting W * . See [17] , [18] for more details regarding the W-subsidy problem.
C. Greedy Index-Based Policy for Solving W-Subsidy Problems
Whittle [17] and [18] identifies a key property called "indexability" that is sufficient to guarantee the existence of a unique, global optimal solution to the family of W-subsidy problem in (16) [24] , [25] . This can be used to select W * in (16) and solve problem (16) .
In policy set U, let A 1 = {x ∈ U|x = −1 ∨ x = 0} be the collection of all active selections. Then, an active selection is either "discharge" or "idle" (u i,j ∈ {0, −1}). Similarly, let A 2 = {x ∈ U|x = 1} be the passive set. Then, a passive selection is "continue charging" (u i,j = 1).
Definition 1 (Whittle [17] ): A sub-problem is said to be indexable if the cardinality of set monotonically increases from zero (empty set |A 1 | = 0, A 1 = ∅) to n PEV n T (full set |A 1 | = n PEV n T , A 1 = U) when the subsidy W for the passive set (A 2 ) increases from −∞ to +∞. If all sub-problems are indexable, the index-based policy is applicable to the W-subsidy problem.
Definition 2 (Whittle [17] ): Represent the index associated with PEV i as ψ i (s i,j ), where ψ i (s i,j ) in (S). If all the subproblems are indexability, at any step j, the PEVs with a lower index are active under the W-subsidy policy.
Definition 3 (Whittle [17] ): If all the sub-problems are indexable, the index function ψ i (s i,j ) = w i,j of project (PEV) i in any state s i,j > 0 is designed to be the minimal value of the dummy subsidy that makes the two choices, "participating in the regulation service (i.e., discharge or idle)" and "not participating in the regulation service (i.e., charge)", equally profitable.
Based on Whittle's definition in [17] , the index function ψ i (s i,j ) represents the cost for an aggregator to activate PEV i with SOC state s i,j . If all sub-problems defined in (16) can be proved as "indexable", the optimal policy is "always activate PEVs that have relatively lower index (participation cost)".
Following the Definition 3, the index function ψ i (s i,j ) is chosen as the minimum participation cost per kilowatt, π i (s i,j , u i,j ). Thus, ψ i (s i,j ) can be defined as
Let's define the active action of PEV i with respect to state s i,j as u i (s i,j ). Then, we have
If all N PEV sub-problems defined in (16) are proved as "indexable", the resource dispatching policy can be greatly 
Switch PEV i from charging to idling 8 :
end if 10: end while 11: All the remaining PEVs from i to N PEV will remain in charging states.
simplified by following a three-step process that guarantees the global optimal solution of (15) in the entire dispatching time horizon. The "indexability" of (15) is provided in Appendix B of this paper. As illustrated in Fig. 3 , the aggregator receives an expected departure SOC from each PEV upon its arrival and calculates its GIDP index using Algorithm 1. Based on the ancillary service signal received at each dispatch time interval, the aggregator dispatches the PEVs based on the priority-list obtained by sorting the GIDP indices. This sorting calculation is much faster than iteratively solving stochastic optimization problems. In addition, the GIDP index is directly associated with the cost for each PEV to provide regulation service. Thus, an aggregator can distribute the payment to each PEV in realtime. This greatly facilitates the aggregator operation because when a PEV departs, the payment to the PEV owner can be readily calculated.
It's noted that although the proposed index policy "always activate PEVs that have relatively lower index" seems intuitively ostensible, such policy cannot guarantee an optimal policy unless the Whittle's definition about "indexability" can be mathematically proved for the given nonconvex integer programming problem and policy. This is the main reason for designing an index that can satisfy the global optimality conditions. For example, when solving the Unit Commitment problems using the priority List method, the solution may not be globally optimal in the overall optimization time horizon [26] . This is because Whittle's Definition 1 about "indexability" cannot be met by simply committing the generators with the least average costs in each hour when start-up and shut-down costs as well as other operational constraints are not directly included in the production cost curves.
IV. OPTIMALITY VALIDATION
In this section, we validate the optimality of the GIDP algorithm. The uncertainties in the regulation service signal in problem (9) can be eliminated in problem (10), the problem (10) is still in the class of NP-hard problems [27] , [28] . When there are thousands of PEVs with many possible SOC states and decision-making stages, the solving of (10) is computationally intractable or becomes too slow to meet the real-time dispatching requirements. For instance, for a PEV charging group consisting of 10 PEVs with 100 SOC states and vehicle-to-grid (V2G) functions, the number of possible states (charging, idling, and discharging) at each single j decision stage is 100 10 . Use the forward dynamic programming method to solve the global optimal solution for (10), it has exponential time complexity as O(c n ), c > 1. Therefore, if the forward dynamic programming method is used to obtain a global optimal solution for (10), the size of the problem has to be fairly small. Thus, in the first case study, a charging group consisting of three PEVs is used to illustrate the GIDP process and to compare its performance with theoretical optimal dispatch. It is worth mentioning that the proposed GIDP has only loglinear time complexity O(n log n) at each decision stage, representing a significant improvement of the computational speed.
Furthermore, when using forward dynamic programming to dispatch the PEVs, we assume that the regulation signal in the dispatching period [0, n T ] is known so that the solution inaccuracy caused by regulation forecasting errors will be eliminated in the optimal case. Table I lists the parameters and charging requests. Note that the expected departure SOC, s e i , of each vehicle can be very different. The penalty and compensation for degradation cost curves of three PEVs are plotted in Fig. 4 . The dotted lines are the cost curves for penalizing delayed charging. Note that the penalty curves for all PEVs take the same penalty factors. Once the expected SOC at departure of a PEV is met, its penalty cost will drop to zero. For example, for PEV 3, the expected departure SOC is 35.32 MW and above, so the penalty cost drops to zero once its SOC is above 88.30%. The solid lines are the lifetime degradation cost curves. The PEV 3 battery depreciates the fastest and the PEV 1 battery depreciates the slowest. Intuitively, PEVs with lower departure SOC requirements and lower degradation costs are more competitive when providing the regulation services. Next, we will discuss how to obtain the GIDP indexes for each PEV.
A. Simulation Setup
Assuming the regulation service price is $9/MW. Based on aggregator's income inc i (u i,j ) in (7) and cost π i (s i,j , u i,j ) in (14), we can plot the cost curves (π i (s i,j , u i,j ) − inc i (u i,j ) ) for each action (charging, idling, or discharging) at each SOC and the GIDP index curve with respect to the SOC, as shown in Fig. 5 . For example, the most profitable active selection of PEV 2 is "idle" if soc 2 < 19% or soc 2 > 94% and "discharge" if 19% ≤ soc 2 ≤ 94%. Recall that the corresponding GIDP index is calculated by (17) . Then, for PEV 2, we have
After the index value (S) is calculated for all three PEVs, we can then select PEVs for regulation service by comparing their index values. For example, if at decision stage j we need 2 kW regulation-up service, assuming that the SOC of each vehicle is 50% (s 1,j = s 2,j = s 3,j = 18, 000), we have PEV 1:
Because we select PEVs based on their index values in an ascending order, PEV 1 (from charging to discharging) will be selected to provide the 2 kW regulation-up service.
B. Performance Comparison
We constructed a 4 kW regulation signal (see Fig. 6 ) for the optimality validation case. The PEV charging trajectories are computed first using the proposed GIDP method and then using the forward dynamic programming method. The results are plotted in Fig. 7 . The following observations are made:
• In the first half hour, because the SOCs of PEVs 2 and 3 are low, both c Life i and c P i are high for PEV 2 and PEV 3. On the other hand, PEV 1 has a relatively low degradation cost and relatively high SOC (See Fig. 4) . Therefore, discharging PEV 1 is more profitable for both GIDP and dynamic programming (OPT).
• When the SOC of PEV 1 decreases,"discharge" becomes more costly because c Life i is significantly higher at lower SOCs (See Fig. 4 ). For example, in hour 2, when the SOC of PEV 1 is below 24 kW/h, discharging PEV 1 for regulation service is no longer selected by both GIDP and dynamic programming (OPT).
• All three vehicles can meet the expected departure SOC requirements at the end of the dispatching period because the penalty mechanism let the vehicles with greater unmet SOCs charge first. • Because all PEVs' active selection u i (s i,j ) remain unchanged in most SOC states (see Fig. 5 ) and the charging decision was made based on the PEV GIDP indexes (17) , the charging trajectory of each PEV is smooth with very few "zigzag" behaviors. The cumulated profits in a period of 3.5 hours using the two approaches are shown in Fig. 8 . The profit obtained by GIDP is 2.9% lower than the theoretical maximum profit obtained by dynamic programming at the end of the 3.5 hours period. The two profit curves only have minor deviations. This shows that, because GIDP seeks the optimal policy to maximize the average profit when N T → ∞. when T is finite, the optimal solution of maximizing average profit over [0, T] may not be exactly the same optimal solution when N T → ∞. Thus, we claim that the proposed GIDP achieves a real-time asymptotical optimal dispatch solution in the presence of uncertainties from regulation signals.
V. PERFORMANCE COMPARISON FOR REALISTIC CHARGING SCENARIO
In this section, we compare the performance of GIDP in a more realistic use case. To address the capability and profitability of the proposed GIDP, the performance of the GIDP is compared with a heuristic greedy algorithm (HGA). Aggregator's profit and battery degradation are evaluated. In addition, a sensitivity analysis is done to assess the impact of the capital cost of battery and the average regulation service price on the aggregator profit.
A. Simulation Setup
A mixed group of 1000 PEVs, including regular PEVs and PEVs with V2G functions are considered. Four V2G penetration levels (from 40% to 100%) are considered. For the V2G vehicles, customers will have "discharging" as an option to provide grid services. The capacities of the Li-ion batteries are uniformly distributed between 10 and 50 kWh. The rated power levels of the PEV chargers of the mixed group are listed in Table II . Those values are defined by the Society of Automotive Engineers [19] . In the simulation, the aggregator receives the frequency regulation signal from the ISO every 4 seconds. The 4-second automatic generation control signals from California Independent System Operators (CAISO) is used to construct the 4 MW regulation-up signal (See Fig. 9 ). The regulation service price is assumed to be $35/MW. The unit price of the Li-ion battery is 500/kWh. This assumption is made because although the unit price of the Li-ion battery ranges from 1000 to 1450/kWh [13] , [19] , [29] , [30] now, the U.S. Advanced Battery Consortium predicts that the cost of the battery may drop to 200 to 300/kWh within few years [13] , [29] .
B. Heuristic Greedy Algorithm
The HGA follows two basic rules. The first rule is that the priority list of PEVs for participating in regulation service is determined by the SOC of the PEV battery. Batteries with higher SOCs have higher priorities. This is because the battery degradation cost decreases monotonically when the SOC state increases (see Appendix A). The second rule is that "idle" has a higher priority over "discharge" because "idle" does not incur battery degradation cost (See (14)). 
while r
Switch PEV i from charging to discharging 6 :
end while 8: All the remaining PEVs from i to N PEV will remain in idling states. 9: else 10: while r
Switch PEV i from charging to idling 12 :
end while 14: All the remaining PEVs from i to N PEV will remain in charging states. 15 : end if The designed HGA represents the priority list algorithm/policy that makes selection with the lowest cost at each decision stage. However, such cost efficient policy may not be a global optimal policy unless the Whittle's definition about "indexability" can be mathematically proved for the given problem and policy. The detailed dispatch logic of the designed HGA is presented in Algorithm 2.
C. Case Study Results
The error of providing frequency regulation service by dispatching PEVs in one hour can be seen in Fig. 10 . As can be seen, the error of providing frequency regulation service is very close to zero (less than 0.027%) in our proposed GIDP.
Defining the aggregator cumulative profits at any step J as the sum of aggregator income minus aggregator j ) ], the comparison of the cumulative profits calculated by GIDP and HGA under different V2G penetrations are shown in Fig. 11 . In the first two hours, the aggregator profits are very similar for both the GIDP and the HGA cases. This is because most PEVs have lower SOCs at the beginning hours. For a PEV, at relatively lower SOCs, "idling" costs less and is preferable to "discharging" (See Fig. 5 and (17)). Thus, the dispatch results obtained using the GIDP and HGA are similar. However, the difference in the aggregator profits increases when the service time increases. In addition, Fig. 11 shows the penetration of the V2G vehicles does not have significant impact on the GIDP profitability calculation. This shows that the GIDP has robust performance even when chargers have mixed power ratings or when the vehicle mix changes.
The GIDP helps the PEV owner lower the battery degradation cost when providing regulation services. Fig. 12 shows the cumulated battery degradation costs for GIDP and HGA. Because the battery degradation cost occurs only when the battery discharges, the degradation cost in the HGA case represents the minimum degradation cost for providing the regulation signal, because the HGA prefers "idle" over "discharge". Compared with the total profit obtained using the GIDP (See Fig. 11 ) and the overall capital value of the 1000 Li-ion battery ($1.5e7), the total battery degradation cost is negligibly low.
It is worth mentioning that the battery degradation cost highly depends on the battery discharging SOC (Refer to Appendix A for more details), so the cumulated battery degradation cost may vary depending on the PEVs arrival SOC. As shown in Fig. 12 , the cumulated battery degradation cost in the GIDP case increases slower in the last two hours than in the previous hours. This is because most PEVs have relatively higher SOCs in the last two hours.
To summarize, GIDP could provide satisfactory profit from providing regulation service in the mixed PEVs overnight charging scenario at a given regulation service price ($35/MW) and battery price ($500/kWh). In the next section, we will show aggregator's profitability/sensitivity at different regulation service prices and battery prices. 
D. Sensitivity Study
Assumptions made for the regulation service price and battery cost can affect aggregator profit [26] , [27] . Therefore, we did a sensitivity study of the aggregator's profit with respect to varying regulation service prices using the 8-hour overnight scenario as an example. We calculated the aggregator profits when regulation price ranges from $10 to $50/MW. The unit price of Li-ion batteries is $500/kWh for all cases and the same 4 MW regulation signal shown in Fig. 8 is used. As expected, for both GIDP and HGA policies, the aggregator profit increases linearly with respect to the regulation service price, as shown in Fig. 13 .
Then we keep the regulation service price at $35 MW, and let the unit price of the battery increase from $100/kWh to $2000/kWh. As shown in Fig. 14 , the aggregator's profit decreases rapidly at first. But after $500/kWh, the curve is flattened. This is because the cost of degradation becomes so high that discharging the vehicle battery is no longer profitable. Thus, very high battery unit price makes "discharge" no longer selected.
VI. CONCLUSION
In this paper, a real-time dispatch problem is formulated for an aggregator to provide regulation service by managing thousands of PEV loads with different battery characteristics and customer requirements. A novel non-iterative, index-based PEV dispatch mechanism is proposed to obtain the real-time asymptotical optimal PEVs dispatch schedule. Compared with existing approaches, such as stochastic programming, the biggest advantage of using the GIDP approach is that it is extremely easy and quick to solve in real-time while preserving the optimality in the presence of uncertainties. In addition, a PEV award mechanism is proposed based on the amount of regulation service provided considering compensation for delayed-charging and reduction of battery lifetime caused by participation of the service.
Mathematically, the proposed GIDP significantly simplifies the solving of large-scale distributed energy resources by transforming the optimization problem from a high-dimensional space to a one-dimensional space while preserving the optimum of the original problem. Simulation results confirm that the proposed GIDP achieves real-time asymptotical optimal dispatch solution in the presence of uncertainties from regulation signal. The proposed GIDP represents one new policy to reconcile the two contradictory considerations in the PEV dispatch problem formulations: finding the global optimum of a large-scale, nonconvex optimization problem and obtaining the solution in real-time. We believe this approach is going to bring a breakthrough on managing a large amount of distributed energy resources. In our future work, we will compare the performance of the proposed policy with other established approaches on different applications, such as night-time and day-time charging, to demonstrate its performance improvements to the existing methods.
APPENDIX A MODELING BATTERY DEGRADATION
Battery lifetime can be estimated based on the number of charging cycles completed at different depths of discharge (DODs) [29] - [32] . For example, as shown in Fig. 15(a) , an Li-ion battery at DOD=50% and DOD=100% can cycle approximately 9525 and 3142 times, respectively. Fig. 15(b) Fig. 15 .
(a) Number of charging/discharging cycles versus DOD and (b) charging and discharging cycles at DOD=50% and DOD=100% [29] . (c) A battery lifetime degradation cost curve with respect to DOD [31] . illustrates how a life cycle is counted when the DOD is at 50% and 100%, respectively. Fig. 15(c) shows the calculated battery degradation cost at different DODs [31] . As can be concluded from Fig. 15(c) , the life of an Li-ion battery depreciates faster at deeper DODs. This is because the battery cell resistance of an Li-ion battery will increase at a lower SOC, and the increased heat will trigger extra irreversible detrimental parasitic chemical reactions [12] , [32] - [34] . Therefore, in this paper, we assume that the lifetime degradation cost monotonically decreases with respect to the SOC of the PEV battery.
In real life, the battery system switches between charging and discharging mode frequently instead of completing full charging/discharging cycles as shown in Fig. 15 . Therefore, battery lifetime degradation cost estimation methods are required to calculate battery lifetime degradation from the charging/discharging trajectory in reality [31] .
However, the compensation of battery lifetime degradation of discharging action c Life i (s i,j , u i,j ) does not equal the battery lifetime degradation cost of each single discharging action at
, because the cumulative degradation impact of this discharging action should be counted in addition to the direct degradation cost during t. As shown in Fig. 16 , for a PEV i with battery charging trajectory as plan A, if we change the PEV i's selection (from idling into discharging) at decision stage j * in plan A, we can generate second charging trajectory curve A * . The difference in the battery lifetime degradation cost of PEV i between plan A and plan A * should be the degradation cost during step j * plus the difference in battery degradation cost between plan A and plan A * in all subsequent time periods after j * . [31] and [35] as Fig. 15 (c) .
To simplify our analysis, the cost difference between plan A and A * plan can be approximated by using the cost difference SOC state s i,j and s i,j + 1, then the compensation of battery lifetime degradation cost of discharging action c Life i (s A * i,j * , u A * i,j * ) can be expressed as (21) Note that the selection of battery degradation cost estimation model does not affect the performance of the proposed policy. Therefore, other battery lifetime degradation cost estimation models [30] , [34] , [36] 
